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Introduction
Sleep is a ubiquitous fact of our lives that we spend roughly one third of our lives doing. Fatigue, jet-lag, poor sleep and vivid dreams are frequent points of our morning discussions. We look and feel terrible after getting too little sleep; hence a twenty billion dollar industry of beds, pillows, pills and other tools has cropped up to help us sleep better (Myser, 2007) . Correspondingly, there is plenty of things designed to keep us awake, helping desperate students prepare for all night cramming sessions.
Despite the importance of sleep in our lives, and the lives of so many other species, a definitive answer on the specific neuro-biological or physiologic purpose of sleep eludes researchers (see the discussion in Sejnowski and Destexhe, 2000; Rechtschaffen, 1998) . However, substantial advancements in the field are uncovering the crucial role that sleep plays in our health, behavior and well being. One need only consider sleep deprivation, a well recognized form of torture, to highlight this fact. Consider the following quote (Conroy, 2001) Studies of sleep duration have found associations with variety of negative health outcomes. For example, short sleep duration correlates with impaired cognitive function, hypertension, glucose intolerance, altered immune function, obesity and mortality (Ohayon and Vecchierini, 2005; Nieto et al., 2000; Punjabi et al., 2004; Gottlieb et al., 2005; Van Cauter et al., 2000; Ayas et al., 2003; Patel et al., 2004; Cizza et al., 2005) .
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Quantity of sleep is only one measurable facet of sleep that is associated with health. Table 1 shown that these events lead to several physiologic derangements.
The respiratory disturbance index (RDI), sometimes also called the apnea/hypopnea index (AHI), is the principal measure of severity of sleep apnea. This rate index is the count of the number of apneas and hypopneas divided by the total time slept in hours. A severely affected patient may have an RDI of thirty events per hour or higher! Hence such a patient is, on average, having a disruption in their sleep and breathing every two minutes. As one can imagine, such frequent disruptions in sleep and oxygen intake can have negative health consequences. A high RDI has been shown to be associated with hypertension, cardiovascular disease, cerebrovascular disease, excessive daytime sleepiness, decreased cognitive function, decreased health-related quality of life, increased motor vehicle crashes and occupational accidents, and mortality (Young et al., 2002) . In the next section we give a brief overview of sleep measurement. Following that, we discuss an analysis of sleep transition rates comparing those with moderate to severe sleep apnea to those without. We end the article with a discussion.
Sleep measurement
The gold standard of sleep measurement is based on an overnight sleep study called a "polysomnogram."
During polysomnogram, a patient has several physiologic recordings that are digitized and subsequently stored. One of these recordings includes the skull surface electroencephalogram, which measure the actual electrical activity from neurons firing. Because the EEG measures aggregate electrical activity in the cortex, they have poor spatial resolution; however, they have excellent temporal resolution, with hundreds of measurements per second.
Other physiologic recordings measure eye movement (an electro-oculogram), leg movement (electromyogram), oxygen saturation (pulse-oximter), air flow, chin movement activity (electro-myogram), chest and abdominal movement (via belts around the torso), and heart rate and rhythm (electro-cardiogram). As such, a polysomogram produces an enormous amount of data, as each of these signals is recorded nearly continuously over a night of sleep. These signals are processed by trained technicians under the supervision of sleep physicians.
The technicians and sleep physicians distill this deluge of information to more manageable summaries.
In clinical settings, these summaries are used to help patient care decisions. The summaries are also used in research, to investigate the causes and consequences of sleep related phenomena. Table 1 lists examples of summaries of the polysomnogram as well as the Epworth Sleepiness Scale, a subjective assessment of daytime sleep propensity.
Often a concern in sleep clinics is whether or not the subject has sleep apnea and, if so, to evaluate the severity of the disease. As previously mentioned, the primary measure of severity of sleep apnea is the number of apneas or hypopneas per hour.
Another important summary splits the sleep pattern into a few distinct sleep states. This is done visually, by trained and certified technicians and physicians, by grouping the data into thirty second "epochs" A patient's "sleep architecture" is simply the person-specific percentage spent in each of the six states.
Sleep architecture can vary between people and within a person as they age. For example, infants spend more than 80% of their sleeping time in REM (Ohayon et al., 2004; Chokroverty, 1999) . It is generally accepted that sleep staging is relevant for understanding sleep's effect on health. We are particularly interested in the impact of the rate of transitioning between the various sleep states. Note that it is not the case that a person necessarily transitions from wakefulness through Stages I to IV in sequential order, and then to REM.
Instead, people pass through the states in cycles, with transitioning from any state to another both possible and likely to occur. Wakefulness to REM is the transition that occurs the least frequently.
In addition to measuring night-time sleep signals, other behavioral measurements can be very valuable in sleep research. One of the more widely used measures is the Epworth Sleepiness Scale. This is an aggregated score of several self administered questions involving sleep behavior, and is used as a measure of daytime sleep propensity. For example, patients are scored on whether or not they fall asleep while sitting and reading, or watching television.
Sleep transition rates
In this section we present some analysis from sleep transition rates from a large multi-center cohort study, the Sleep Heart Health Study (SHHS). The SHHS added to and combined data from large well established longitudinal studies: the Atherosclerosis Risk in Communities Study, the Cardiovascular Health Study, the Framingham Heart Study, the Strong Heart Study and the Tucson Health and Environment study. At enormous expense, the SHHS recruited over six thousand subjects from these studies to undergo an abbreviated in-home polysomogram (see Quan et al., 1997 , for more details on the study). Roughly four thousand of these subjects repeated this process around four years later. The sleep data were processed by trained SHHS technicians, including rigorous data quality checks. The SHHS offers a unique data set to understand sleep and health. However, being an observational study, analysis of the data is often challenging. Any effects or absence of effects seen might be due to subtle biases from the sampling or from (measured or unmeasured) variables either unaccounted for or improperly accounted for in the analysis.
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Matching
We consider now the relationship between sleep transitions and sleep apnea. Hence we compare a group of severely diseased patients with sleep apnea, as defined by an RDI greater than 22.3 events per hour, with a group of healthy controls having RDIs of less than 1.33 events per hour. The groups were chosen so that each subject in the diseased group had a matching subject in the control group. This process helps control for confounding variables, not unlike methods such as regression analysis. However matching, unlike regression adjustment, forces a discussion of how alike or unlike the diseased and control groups are. In contrast, regression adjustment will happily plod along via linearity assumptions, even if their is no overlap in the confounding variables for the diseased and control groups. However, matching is not without its issues. Most notably, the SHHS population being studied is a subset of the population selected originally for study; hence a matched subset may lack the generalizability of results on the original data (see Rubin, 1973; Rosenbaum and Rubin, 1985 , for more information about matching)
Not everyone in SHHS was eligible to be matched. For example, to adequately define disease status, only those of SHHS with outstanding sleep recording quality and without any history of coronary heart disease, cardiovascular disease, hypertension, chronic obstructive pulmonary disease, asthma, or stroke were eligible for matching. From there, current smokers were ineligible. These rigid qualification standards widdled down the original SHHS pool from over 6, 000 to 183 diseased and 458 non-diseased eligible for matching. These groups are not representative of the population, for it is common for conditions such as hypertension and cardiovascular disease to occur alongside of sleep apnea. In a way, our "diseased" group is healthy in many aspects -except for that of a high index of sleep apnea disease severity.
The matching variables included body mass index (BMI, a ratio a subjects weight to the square of their height), age, race, and sex. Exact matching was used for race and sex, while BMI and age were matched within a caliper (i.e. matched within an acceptable range). The matching procedure produced 60 pairs. Apart from body mass index, none of the variables were significantly different (using Gosset's T test and chi-square tests at the 5% level) when comparing across the two groups. While concern exists about the differential body mass indices, we note that obesity is the primary cause of sleep apnea and both the diseased and control groups , though having statistical different BMIs, were similar practically. Specifically, the average body mass indices for the diseased group was 30.7 Kg/m 2 , while it was 29.2 Kg/m 2 for the non-diseased.
Of note is that traditional sleep architecture, while not considered for a matching parameter, showed no statistically significant difference between groups after the matching. This implies that the gold standard measurement summary of sleep states, sleep architecture, may not be affected by sleep apnea. Using this fact, we now consider how frequently the subjects transition between the various states.
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Analysis of sleep transition rates
We restrict ourselves to studying the transitions starting at the first transition from wakefulness to sleep (usually to Stage 1) and ending at the last transition from a sleep state to wakefulness. That is, we discard time before sleep onset and after waking up. We note that the initial time in bed before sleep onset (sleep latency) between the matched pairs showed no difference (Student's t-test P-value of 0.70). We also discard the final wake states at the end of the monitoring time. Figure 3 shows mean/difference plots for the log base two of the transition rates for the matched pairs, as well as the transition rate (see Tukey, 1988; Bland and Altman, 1986) . By a transition, we mean a change 6 http://biostats.bepress.com/jhubiostat/paper168 from any sleep state to another; hence the transition rate is the number of changes divided by the total time asleep in hours. Such plots highlight whether there is a difference between the two matched groups, while plotting against the average highlights whether any such difference is dependent on the magnitude of the transition rates. Log base two is used simply to work with ratios and because powers of two are easier to work with than powers of Euler's number, e, and represent smaller increments than the other option of using base 10. We highly recommend this convention.
Recall that the transition rate is defined as the number of transitions per hour of sleep. We note that a reasonable discussion could be had on which of the two measures, the transition rate or the raw number of transitions, is more important. It may be that a certain raw number of transitions is important for health, regardless of the rate. However, clearly a person who sleeps longer has more opportunities to transition between states, suggesting the use of rates. Regardless, we focus only on the analysis of the rates (see Swihart et al., 2008 , for further analysis of the rates and transition numbers). In Figure 3 , 39 of the 60 observations lie above the horizontal line, potentially indicating that diseased subjects transition more frequently than non-diseased. For example, under a null hypothesis of no difference in transition rates between the diseased and non-diseased groups, the binomial probability of 39 or more pairs out of 60 lying above the horizontal line is only .014 (the two sided P-value would double this number).
A useful summary of each subject's data would be a three-by-three table that displays counts of their previous sleep state by their current sleep state. It is of interest to compare whether these rates differ across disease groups. This is a somewhat challenging task, given that one must account for the correlation induced by matching as well as the correlation of the various rates within a particular subject. For example, in a subject with a high rate of non-REM to wake transitions, it is reasonable to believe that there would be a correspondingly high rate of wake to non-REM transitions; hence these two rates would be correlated. We fit a model that assumes a constant rate of transitioning over the time at-risk for transitioning, a so-called exponential hazard model, accounting for these kinds of correlations. While we relegate a more careful exploration of this data and model to later work, we present some of the results below. Table 3 : Relative rates comparing diseased (numerator) to non-diseased (denominator) subjects. The smaller numbers represent 95% credible intervals (Louis and Zeger, 2007) .
by that of the controls, and 95% credible interval. A credible interval is a Bayesian analog to the confidence interval; readers unfamiliar with Bayesian analysis can simply think of them as confidence intervals. The data suggests that the rate of transitioning from non-REM to wakefulness, REM to non-REM, and REM to wakefulness all differ between the two groups. Notably, all of the estimates represent increases in the transition rates for the diseased subjects. This suggests that the disruption of sleep continuity in responses to the airway collapses during sleep may cause increased transitions between wakefulness and the other states.
Discussion
In this manuscript, we briefly reviewed an area of observational sleep research with a particular emphasis to analyzing sleep transitions and their relationship with sleep apnea. The analysis showed some potential differences between the diseased and non-diseased group with respect to the amount of transitioning; though significant work remains to be done to fully understand this problem. Especially, it would be important to consider how the transition rates differ over the night, relaxing the assumptions of the exponential model we presumed (see Fahrmeir and Klinger, 2003; Fahrmeir, 1999) , improving the matching algorithm and applying the methods to the large, unmatched data using other adjustments. Hence, this study presented herein represents a small snippet of understanding of how sleep is influenced by a specific disease.
We emphasize, however, that the overarching focus of our research, is to better exploit the full information contained in polysomnograms from large-scale observational studies. This includes functional data analysis of the sleep state and EEG signals. We believe that there is important information omitted by only considering the standard epidemiological summaries, which in most cases were designed as simple clinical indices and hence may be improved upon for research purposes.
Further reading
The book by Chokroverty contains an excellent summary of sleep medicine. 
